Purpose -The purpose of this paper is to describe research to enable a robust navigation of guide robots in erratic environments with partial sensor information. Design/methodology/approach -Two techniques were developed. One is a robust node discrimination method by using an adaptive sensor matching method. The other is a robot navigation technique with partial sensor information. Findings -A successful navigation was implemented in erratic environments using partial sensor information. Originality/value -First robot navigation is addressed along the generalized Voronoi graph (GVG) with partial sensor information. A solution is also provided for a phantom node detection problem, which is one of the main defects in GVG navigation.
Introduction
Guide robots (Thrun et al., 1999) which lead a person to a specific place should be equipped with a reactive and safetyguaranteed navigation algorithm. The most adequate algorithm is to trace the generalized Voronoi graph (GVG) (Choset and Burdick, 2000; Moratz and Wallgrü n, 2003; Lee and Choset, 2005; Ya-Chuna and Yamamoto, 2006) . This method utilizes distance sensor data around the robot and a maximum-clearance path is generated. The method also enables reactive behaviors when unknown or unexpected obstacles appear.
However, two problems need to be solved to utilize the GVG tracking method for a guide robot. The first problem is called "ambiguity in node detection." The GVG is consists of nodes and edges. Here, nodes are topologically meaningful places such as the ends of corridors, doors, and so on. When tracing the GVG, sensors which provide a fine angle resolution (such as laser range finder) are typically used for robust tracking performance. This sensor with a fine resolution, at the same time, is very sensitive in detecting nodes, and there arise many phantom nodes during the navigation.
To alleviate this problem, Nagatani and Choset (1999) proposed a reduced GVG which is a subset of the original GVG without boundary edges. This method works well in a polygonal environment but is not adequate for erratic spaces. Masehian et al. (2003) refined the reduced GVG so that it can be used in real time. But the phantom node problem was not discussed. Also, Lerasle et al. (2003) utilized visual sensing in addition to range data to reduce phantom nodes. Their approach is different from ours because our objective is to remove the phantom nodes with range sensors only. In this paper, we suggest a method called "adaptive sensor area matching." This method categorizes sensor rays and treats them as groups while previous methods utilize raw sensor data only. For a more robust performance, we apply an adaptive technique during the categorization.
The second problem in using the GVG for guide robots is "lack of information because of partial data usage." The traditional GVG construction algorithm (Choset and Nagatani, 2001 ) uses a full range scan (3608). For the guide robot, however, the full range data cannot be acquired because people follow the robot. Therefore, the robot needs to use partial range data that covers 1808 with respect to the robot's heading direction (i.e. front area). There are some approaches that use partial sensor data. The local Voronoi diagram (Mahkovic and Slivnik, 1998; Blanco et al., 2001) and local Voronoi-like graph (Zwynsvoorde et al., 2001) algorithms extract the Voronoi graph from partial range data but these techniques cannot be applied to an algorithm on the fly. In other words, they are an offline algorithm and cannot be used for the online navigation of guide robots.
A clue for solving this problem is that a hidden area had been detected in the previous control step. So, we are able to estimate the hidden area by combining the previous detection and the robot movement, afterward. In this paper, we use geometric relationships and further utilize a covariance matrix to express the uncertainty of the estimation.
With the aids of the proposed two techniques, we conducted a simulation in an arbitrary designed environment with 1808 sensing data and showed that many phantom nodes were deleted. Also, we performed an experiment with a real robot and verified our results. This paper is organized as follows. In Section 2, we discuss a robust node detection algorithm using the adaptive sensor area matching method. In Section 3, we suggest a full range estimation method from partial range data for navigation along a GVG. In Section 4, we show simulation and experiment results and conclusion follows.
A robust node detection algorithm using the adaptive sensor area matching method
The GVG abstracts the whole environment as a graph with nodes and edges. Various algorithms based on the GVG conduct their update whenever the robot detects a node. Therefore, it is fundamental to detect the node robustly and consistently. However, previous algorithms are very sensitive to erratic walls and sensor noises which give rise to many phantom nodes. The main reason of the phantom nodes is that the decision rule is solely based on a local minimum among sensor rays.
Previous algorithms regard each section in-between two local minimums as an edge (Figure 1 ). If there are more than three edges, then the place is recognized as a node. In this approach, there are three main problems. First, false nodes are detected by sensor noises (Figure 2(a) ). Second, nodes which are theoretically correct but practically meaningless are discovered (Figure 2(b) ). Third, to make the problems worse, these nodes are not consistently detected. In other words, their detection is not stable because local minimums are very sensitive features (Figure 2(c) ). To alleviate this problem, Nagatani proposed the reduced GVG (Nagatani and Choset, 1999) . However, this method considers only the second problem and is not adequate for the erratic surface (i.e. it does not address the first and the third problem).
We note that these problems are induced by the fact that the node detection algorithm solely depends on the local minimum which does not provide stable information. In our method, we use not only the local minimums but also the area covered by two local minimums. As shown in Figure 3 , we define an edge that satisfies two conditions: 1 it is a section constituted by two local minimums; and 2 the covered area should be larger than a certain threshold, A thres .
By applying this definition, we can remove phantom nodes where one of edges' area is quite small. This method still needs to be improved because it is still sensitive to the threshold value. For example, if the method is used for two different environments (a small and a large space) with an A thres tuned for the small environment, it is not good for the large environment. Therefore, we set the threshold adaptively by defining it as a function of the length of the local minimum. Explicitly, A thres is defined as:
where u and w are the angle and width between two local minimums ( Figure 4) . Here, n is a multiplicity factor that can be assigned for the tuning of sensitivity. We call this method "adaptive sensor area matching."
A full range estimation method from partial range data
A navigation algorithm based on the GVG needs a full range sensor data (3608). For the guide robot, however, this full range scan cannot be acquired because persons follow the robot. A clue for solving this problem is that, the hidden area had been detected by robot. So we are able to estimate the hidden area by combining the previous detection and the robot movement, afterward. For the estimation, we need to derive a mathematical equation that estimates range and angle data at step k þ 1 from the data at step k. Let us assume that the robot moves Dx k , Dy k and Du k at step k and each ray of range sensors at the step k is contacted at a point on the obstacles. We denote Edge 3 -r kþ 1, j and f kþ 1, j as jth range and angle data at step k þ 1, respectively. These r kþ 1, j and f kþ 1, j can be acquired after algebraic manipulations using geometric relationships ( Figure 5 ):
Therefore, we can apply equations (2) and (3) to estimate the invisible range data at step k þ 1. However, this is an ideal case under a noise free assumption. We need to express the uncertainty of the estimation. For that 
Suppose that the state vector of the sensor data at step k is given by:
Thus, equations (2) and (3) can be represented as a nonlinear function of the state P k and S k also:
We denote the covariance matrices of P k and S k by cov(P k ) and cov(S k ) which can be acquired from experimental data (Ye and Borenstein, 2002) . These matrices are updated by the first order Taylor expansion (Chong and Kleeman, 1997) as:
where (k 2 q) means the q th prior step from step k for the estimation (0 # q # n) in Figure 3 . Moreover, 7 Pk2q f and 7 Sk2q f are Jacobians of f with respect to P k2 q and S k2 q , respectively. Uncertainty of the estimated range and angle data from equation (7) can be represented by a covariance ellipse as shown in Figure 6 . In our approach, we regard the size of the covariance ellipse as a degree of uncertainty of the estimated range and angle of the invisible region.
Simulation and experiment

Simulation
We performed simulations for a robot with 18 range sensors with 108 angle resolution. An erratic and cyclic map (Figure 7 ) was used whose real size corresponds to 350 £ 350 m with a conversion unit of 0.5 m/pixel. The robot navigated the whole path with partial 1808 sensor information two times: once without adaptive sensor area matching and the other time with the area matching. The detected nodes are shown in Figure 8 . Without the proposed method, there were many phantom nodes: false nodes by sensor noises and practically meaningless nodes from the erratic surface. With the proposed method, for an entire navigation of 12 km, only 240 nodes were detected which was a reduction of node numbers of 20 times.
To identify that the propose method consistently detected nodes even under various uncertainties, we added a white Gaussian noises with a standard deviation of s, N(0,s 2 ), to the odometry of the robot. Then, we repeated the same experiment under various noise levels while matching the Figure 5 The geometric relation between measured value and estimated values
node with an algorithm in Doh et al. (2003) . The results are shown in Figure 9 where we can identify that the node matching was successfully performed if the odometry uncertainty was less than 20 percent of the true value. From this we can verify that the combination of the two proposed methods (the adaptive sensor area matching with partial range scan) not only eliminate most of phantom nodes but also detect nodes consistently.
Experimental results
For the experiment, we used an omni-directional mobile robot equipped with a laser range finder that covered 1808 (Figure 10 ). This robot travelled a long corridor shown in Figure 11 . Note that this corridor contained several hollow surfaces caused by office doors, elevators, etc. Thus, there arise many phantom nodes without the sensor area matching, and the number of those phantom nodes increases with a partial range scan.
We applied the two proposed methods, and the robot successfully eliminated phantom nodes during its navigation of 50 m with a speed of 0.2 m/s (Figure 12 ). The robot found three physically meaningful nodes and the navigation was terminated near the end of corridor.
Even though the experiments were not performed in a large and populated environment, we have shown that it is possible to implement a guide robot with a partial range scan in an authentic erratic environment.
Conclusion
We addressed the robust construction of a GVG using partial range data for guide robots. The GVG fits well for the guide robot because of its reactive and safety-guaranteed characteristics. But, for the real implementation, there are several problems to solve and two of them are: 1 ambiguity in node detection; and 2 partial data usage.
For the ambiguity problem, we proposed a robust discrimination technique. The proposed method utilized areas covered by two local minimums in an adaptive manner. With this method, most of the phantom nodes were removed.
For the partial data usage problem, we suggested an estimation technique based on geometric relationships and uncertainty representation. With this technique, a guide robot can trace the GVG with only one laser range finder that covers 1808.
Simulations were performed in an erratic environment and the results showed that the two proposed methods enable a robust navigation with a partial range scan. We also validated the performance of the proposed algorithm in a real corridor environment using an omni-directional mobile robot equipped with one laser sensor.
In this paper, we firstly showed that it is possible to implement a guide robot to trace a GVG in an erratic environment with a partial range scan. However, the proposed methods were developed in an ad hoc manner and need to be improved in the future. 
